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Abstract: Artificial Intelligence (Al) has become an essential technology in healthcare, finance, recommendation
systems, forecasting, autonomous systems, and decision-making applications. Most traditional Al systems are based on
correlation-driven machine learning techniques that identify patterns from historical data. Although these systems achieve
high prediction accuracy, they fail to explain the actual reasoning behind decisions, resulting in lack of transparency,
trust, fairness, and robustness. This limitation becomes critical in high-stakes applications where explainability and
accountability are important.

Causal Artificial Intelligence (Causal Al) addresses these limitations by introducing cause-effect reasoning into Al
systems. Unlike conventional Al models, Causal Al can answer “why,” “what-if,” and “what would have happened
differently” questions using causal inference and counterfactual reasoning. This paper presents a comprehensive literature
survey of eighteen research papers related to causal inference, explainable Al, deep causal learning, causal machine
learning, ethical Al, and forecasting systems. The study analyzes methodologies, models, algorithms, challenges,
limitations, and future research directions.

The literature survey identifies several important techniques including Structural Causal Models (SCM), Directed Acyclic
Graphs (DAG), Double Machine Learning (DML), Variational Autoencoders (VAE), Fuzzy Cognitive Maps (FCM),
SHAP, and LIME. The results indicate that integrating causal reasoning with Machine Learning and Deep Learning
significantly improves explainability, fairness, robustness, interpretability, and trustworthy decision-making in modern
Al systems.
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1. INTRODUCTION

Artificial Intelligence has rapidly evolved and become one of the most transformative technologies in the modern world.
Al systems are widely used in healthcare diagnosis, recommendation systems, financial forecasting, autonomous
vehicles, fraud detection, and business analytics. Traditional Al and Machine Learning models mainly depend on
statistical correlations and historical data patterns for prediction and decision-making. While these approaches provide
high accuracy, they often operate as “black-box” systems, where the reasoning behind predictions cannot be clearly
understood.

The inability of Al systems to explain decisions creates major concerns regarding trust, transparency, fairness,
accountability, and ethical reliability. In critical applications such as healthcare and finance, understanding the reason
behind a prediction is as important as the prediction itself. Correlation-based Al systems cannot answer important causal
questions such as:

e Why did this event happen?

e What will happen if a variable change?

e  What would have happened under different conditions?
Causal Artificial Intelligence introduces cause-effect reasoning into Al systems to solve these limitations. Causal Al
combines causal inference, counterfactual reasoning, explainable Al, and machine learning techniques to build
transparent and robust intelligent systems. Unlike traditional Al, causal systems can identify interventions, hidden
confounders, and actual causes behind predictions.
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This paper presents a detailed literature survey of eighteen research papers covering causal inference, explainable Al,
deep causal learning, ethical Al systems, causal forecasting, and explainable neural networks. The survey aims to analyze
methodologies, algorithms, performance improvements, challenges, limitations, and future research directions in Causal
Artificial Intelligence.

2. LITERATURE REVIEW

Several researchers have contributed to the development of Causal Artificial Intelligence and Explainable Al systems.
Research on recommender systems applied causal inference techniques to reduce recommendation bias and improve user
satisfaction. Studies on counterfactual reasoning in high-dimensional analytics introduced robust decision intelligence
systems capable of handling complex datasets and hidden variables. Research on high-stakes Al systems emphasized
explainability and reliability in critical domains such as healthcare and finance.

The concept of causability and explainability in medicine highlighted the importance of transparent Al-assisted diagnosis
systems. Ethical Al studies focused on fairness, accountability, bias mitigation, and responsible Al governance. Judea
Pearl’s “The Book of Why” established the theoretical foundation of causality through the Ladder of Causation involving
association, intervention, and counterfactual reasoning.

The DoWhy framework introduced a structured causal inference pipeline involving modeling, identification, estimation,
and refutation. Elements of Causal Inference provided mathematical foundations for Structural Causal Models and
Directed Acyclic Graphs.

Recent research integrated Deep Learning with causality using Deep Structural Causal Models and Causal Representation
Learning. Explainable Al methods such as SHAP, LIME, Saliency Maps, and Counterfactual Explanations improved
transparency in black-box models. Forecasting systems applied Variational Autoencoders and causal intervention
methods to improve robustness and explainability.

Research on Fuzzy Cognitive Maps introduced scalable explainable systems capable of causal effect analysis in large-
scale environments. Overall, the literature indicates a growing shift from correlation-based Al toward causal and
explainable intelligent systems.

3. METHODS AND MATERIALS

The study is based on a literature survey of eighteen research papers collected from IEEE, ACM, arXiv, ResearchGate,
and indexed journals related to Causal Artificial Intelligence and Explainable Al.

The methodologies identified from the literature include:

3.1 Structural Causal Models (SCM)

Structural Causal Models represent cause-effect relationships mathematically using variables and equations. SCMs are
widely used in causal reasoning and intervention analysis.

3.2 Directed Acyclic Graphs (DAG)
DAGs visually represent causal relationships between variables. Nodes represent variables while edges represent causal
influence.

3.3 Counterfactual Reasoning
Counterfactual reasoning answers “what-if” questions and predicts alternate outcomes under different conditions.

3.4 Explainable Al Techniques
Several explainability methods were analyzed:
e SHAP
e LIME
e Saliency Maps
e Rule-based Explanations

3.5 Machine Learning and Deep Learning Models

The following Al models were commonly used:
e Random Forest
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e Boosted Trees
e Deep Neural Networks
e  Convolutional Neural Networks (CNN)
e Reinforcement Learning
3.6 Advanced Algorithms

Important advanced algorithms identified include:
Double Machine Learning (DML)
Variational Autoencoder (VAE)
e TCEC-FCM Algorithm
e  Propensity Score Matching
e  Causal Discovery Algorithms
The survey focused on analyzing how these techniques improve explainability, robustness, fairness, and prediction
accuracy.

4. RESULTS AND DISCUSSION

The literature survey demonstrates that Causal Artificial Intelligence significantly improves explainability, robustness,
and trustworthiness compared to traditional Al systems.

Research papers showed that causal inference techniques reduce bias in recommendation systems and improve
personalized predictions. Counterfactual reasoning enabled robust decision intelligence by evaluating alternate outcomes
and interventions.

Structural Causal Models and Directed Acyclic Graphs effectively identified hidden confounding variables and causal
relationships. Explainability techniques such as SHAP and LIME improved transparency by identifying feature
importance in black-box models.

Deep causal learning methods integrated Deep Learning and causal reasoning to improve generalization and
interpretability. Variational Autoencoders handled missing and heterogeneous data effectively in forecasting systems.
Fuzzy Cognitive Maps improved scalable causal analysis in large-scale explainable Al systems.

Several important challenges were identified:

Difficulty in discovering causal relationships from incomplete data
Hidden confounding variables
High computational complexity
Scalability issues in large-scale systems
Trade-off between accuracy and interpretability
e Ethical concerns such as fairness, bias, privacy, and accountability
Although significant progress has been made, many Al systems still struggle to provide reliable causal explanations and
human-understandable reasoning.

5. CONCLUSION

Causal Artificial Intelligence represents a major advancement in modern intelligent systems by introducing cause-effect
reasoning into Al decision-making. Unlike traditional Al systems that depend only on correlation, causal systems
improve explainability, transparency, fairness, robustness, and trustworthy reasoning.

The literature survey of eighteen research papers demonstrates that integrating causal inference with Machine Learning,
Deep Learning, and Explainable Al significantly improves intelligent decision-making in healthcare, finance,
recommendation systems, forecasting, and autonomous systems.

Several methodologies such as Structural Causal Models, Directed Acyclic Graphs, Counterfactual Reasoning, Double

Machine Learning, Variational Autoencoders, and Fuzzy Cognitive Maps have shown promising results in improving
interpretability and robustness.
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However, challenges such as hidden confounding variables, computational complexity, scalability, ethical concerns, and
incomplete causal discovery still remain open research problems. Future work should focus on scalable causal systems,
automated causal discovery, human-centered explainability, and ethical Al governance.

Overall, Causal Artificial Intelligence is expected to play a critical role in building transparent, reliable, explainable, and
human-centered Al systems in the future.
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